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ABSTRACT 
 
Background: Conventional approaches to AI-driven mental health support rely exclusively 
on conversational text, leaving a critical personalization gap: the system interacts with the 
user but has no knowledge of the user's physiological state. Wearable electrocardiography 
(ECG) and photoplethysmography (PPG) sensors now provide continuous, passively 
acquired heart rate variability (HRV) data that are well-established proxies for autonomic 
nervous system regulation and affective state. Translating these physiological signals into 
clinically interpretable, dialogue-ready knowledge represents an underexplored pathway 
to genuinely personalized mental health conversational support. 
Objective: This study introduces physiological grounding, defined as the semantic 
interpretation of continuously acquired HRV and autonomic biomarker data to serve as 
retrievable context for large language model (LLM) dialogue personalization, and evaluates 
its feasibility through a two-study proof-of-concept investigation. 
Methods: Study 1 applied a combined data-driven and theory-driven feature selection 
procedure to a multi-site wearable ECG and PPG dataset (N = 312 participants, 4,680 
recording days) to identify 52 psychologically interpretable HRV and autonomic features 
organized into a semantic knowledge base. Study 2 conducted an 8-week longitudinal 
investigation (N = 42 participants) in which a physiologically grounded LLM dialogue 
system provided personalized mental health conversational support, with pre-post 
assessments of depression (PHQ-9), anxiety (GAD-7), perceived stress (PSS-10), well-being 
(WEMWBS), and subjective happiness (SHS). 
Results: Ensemble classification achieved F1 scores of 0.68–0.97 across affective state 
labels and time windows, with the RMSSD and LF/HF ratio features demonstrating the 
strongest discriminative power. Post-intervention, PHQ-9 scores declined by 2.7 points (p 
= 0.003), GAD-7 by 2.1 points (p = 0.009), and SHS increased by 3.6 points (p < 0.001). 
Thematic analysis revealed that physiological awareness produced a qualitatively distinct 
"body-informed" personalization that users perceived as more trustworthy than text-only 
dialogue personalization. 
Conclusion: Physiological grounding is a semantically and experientially feasible strategy 
for personalizing mental health LLM dialogue. The interpretive bridge from HRV signals to 
dialogue-relevant affective knowledge is functional, and users perceive physiologically 
grounded responses as meaningfully personalized. Randomized controlled evaluation and 
real-time wearable integration are the critical next steps. 
 
Keywords: physiological grounding; heart rate variability; wearable ECG; large language 
model; mental health dialogue; retrieval-augmented generation; digital psychiatry; 
affective computing 
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1. INTRODUCTION 

 

Mental health disorders represent one of the most substantial and growing burdens of disease 

globally, with the World Health Organization estimating that nearly one billion people are affected 

by depression, anxiety, or other diagnosable mental health conditions (World Health Organization, 

2022). Despite this scale, access to professional care remains severely constrained by shortages in 

mental health practitioners, geographic barriers, social stigma, and financial cost (Patel et al., 2023). 

Large language models (LLMs) have opened a genuinely new pathway for scalable, conversational 

mental health support, demonstrating the capacity to provide empathic, contextually sensitive 

dialogue at low marginal cost and high availability (Stade et al., 2024; Brown et al., 2020; 

Fitzpatrick et al., 2017; Guo et al., 2023). Chatbots and AI conversational agents have shown 

promising results across anxiety, depression, and behavioral activation protocols (Vaidyam et al., 

2019; Inkster et al., 2018; Miner et al., 2016). 

A fundamental limitation of current LLM-based mental health systems, however, is that they 

operate exclusively on conversational text. The system interacts with what the user explicitly says 

during a session but has no awareness of the user's physiological state, autonomic nervous system 

activity, or the behavioral and somatic context of their daily life (Stade et al., 2024; Insel, 2017; 

Mohr et al., 2017). This creates a personalization gap that is particularly consequential in mental 

health contexts: affective states such as stress, anxiety, and depression are embodied phenomena 

with clear physiological substrates, yet AI dialogue systems treating them lack access to any of this 

biological signal. Conversational text alone provides an impoverished window into a user's current 

psychophysiological state. 

Wearable biosensors now provide a compelling complementary data stream. Heart rate 

variability (HRV), derived from beat-to-beat fluctuations in the cardiac cycle recorded by wearable 

electrocardiography (ECG) or photoplethysmography (PPG) sensors, is one of the most extensively 

validated psychophysiological biomarkers available (Task Force, 1996; Malik et al., 1996; Shaffer 

& Ginsberg, 2017). Reduced HRV is consistently associated with depression, generalized anxiety 

disorder, and acute stress responses (Carney et al., 2005; Dishman et al., 2000; Rechlin, 1994; 

Pellissier et al., 2010). HRV indices, including the root mean square of successive differences 

(RMSSD), the low-frequency-to-high-frequency power ratio (LF/HF), and sample entropy 

(SampEn), reflect the balance of sympathetic and parasympathetic activity and have been proposed 
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as real-time, passive biomarkers suitable for ecological mental health monitoring (Berntson et al., 

1997; Porges, 2007; Kop et al., 2011). 

Despite this strong scientific foundation, the pathway from wearable physiological data to LLM 

dialogue personalization has not been systematically explored. Retrieval-augmented generation 

(RAG) provides a technical framework for injecting structured external knowledge into LLM 

generation (Lewis et al., 2020; Gao et al., 2024), but existing RAG-based mental health dialogue 

systems retrieve from clinical guidelines or generic psychoeducational materials rather than from 

a user's own physiological state (Nahum-Shani et al., 2018). A framework that translates 

continuously acquired HRV and autonomic features into semantically interpretable, dialogue-ready 

knowledge would complete this missing link between physiological sensing and LLM 

personalization. Figure 1 illustrates the five-stage pipeline architecture developed in the present 

investigation, from wearable data acquisition through physiological feature engineering, affective 

state classification, semantic knowledge base construction, to LLM dialogue generation with RAG 

integration. 

 
Figure 1. Five-stage pipeline architecture for physiologically grounded LLM mental health dialogue. Arrows 

denote data flow; the bidirectional feedback arrow on the right represents the adaptive personalization loop 
connecting user engagement outcomes to knowledge base refinement. 

This study introduces physiological grounding, defined as the semantic interpretation of 

continuously acquired HRV and autonomic biomarker data, structured as retrievable knowledge to 
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inform LLM dialogue personalization in the mental health domain. The construct operationalizes 

the bridge between wearable physiological sensing and conversational AI, extending prior work on 

digital phenotyping (Torous et al., 2021; Jacobson et al., 2019; Onnela & Rauch, 2016) and passive 

sensing for mental health support (Saeb et al., 2015; Cornet & Holden, 2018; Shiffman et al., 2008) 

by adding a semantic interpretation layer explicitly oriented toward dialogue use. 

Three research questions guide the investigation. RQ1 addresses the sensing-to-knowledge 

interface: can continuous wearable HRV data yield psychologically interpretable physiological 

features with sufficient discriminative power to support structured knowledge retrieval for dialogue 

personalization? RQ2 addresses the knowledge-to-perception interface: how do users perceive the 

personalization quality, physiological empathy, and interaction authenticity of a physiologically 

grounded dialogue system, and how do these perceptions vary by HRV profile? RQ3 examines 

longitudinal dynamics: what engagement trajectories and well-being change patterns emerge 

during sustained use across an 8-week study period? 

The study was conducted in two parts. Study 1 established the physiological sensing foundation 

by extracting and evaluating HRV features from a multi-site wearable ECG and PPG dataset (N = 

312 participants, 4,680 recording days), selecting 52 psychologically interpretable features through 

a combined data-driven and theory-driven procedure, and structuring them into a semantic 

knowledge base for RAG retrieval. Study 2 evaluated the knowledge-to-perception interface 

through an 8-week longitudinal investigation (N = 42) using a physiologically grounded GPT-4o 

dialogue system, with semi-structured interviews, interaction log analysis, and pre-post well-being 

assessments. 

2. MATERIALS AND METHODS 

 

2.1  Study Design and Rationale 

The physiological grounding framework was explored through a two-study proof-of-concept 

pipeline targeting distinct semantic interfaces. Study 1 validates the sensing-to-knowledge 

interface, establishing whether continuous wearable HRV data can be transformed into 

psychologically interpretable, dialogue-ready features (RQ1). Study 2 validates the knowledge-to-

perception interface, determining whether dialogue grounded in this physiological knowledge 

produces perceptibly personalized user experiences (RQ2) and how engagement evolves across 8 

weeks (RQ3). The studies are linked at the knowledge level: the semantic knowledge base 
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constructed in Study 1 serves as the RAG retrieval source for the dialogue system in Study 2. 

Behavioral and physiological inputs in Study 2 were collected through structured self-report guided 

by physiological monitoring reminders, isolating the semantic feasibility question from the sensor 

engineering challenges of fully automated real-time HRV processing. 

This staged design reflects three methodological commitments grounded in physiological 

measurement science and clinical HCI research. First, physiological signals must undergo both 

statistical validation (which HRV features discriminate affective states?) and semantic 

interpretation (what does an anomalous RMSSD value mean for this user in this context?) before 

they can meaningfully ground dialogue (Berntson et al., 1997; Grossman & Taylor, 2007). Study 

1 establishes this interpretive foundation independently. Second, perceived physiological 

personalization is a necessary condition for any downstream therapeutic effect: a system whose 

physiologically grounded outputs users cannot perceive is functionally inert regardless of its 

biomedical validity (Fitzpatrick et al., 2017). Study 2 directly tests this perceptual condition. Third, 

effects of AI-supported mental health interventions typically unfold across weeks rather than single 

sessions (Inkster et al., 2018), necessitating a longitudinal observation period capable of capturing 

both trajectory dynamics and sustained engagement patterns. 

2.2  Study 1: Physiological Feature Engineering and Knowledge Base Construction (RQ1) 

2.2.1  Dataset 

Study 1 analyzed a proprietary multi-site wearable ECG and PPG dataset collected across three 

clinical and community sites in Germany and South Africa, comprising 312 participants (163 

female, 149 male; Mₚₐₜ = 38.4 years, SD = 11.7; age range 18–72), with recording periods ranging 

from 10 to 21 days per participant (mean 15.0 days, SD = 3.2), yielding 4,680 participant-days of 

continuous physiological data. Participants wore a chest-strap ECG sensor (Polar H10, 1000 Hz) 

and a wrist PPG sensor (Empatica E4, 64 Hz) simultaneously during waking hours and a modified 

wrist actigraphy sensor (Actiwatch Spectrum Plus) during sleep. Concurrent standardized self-

report assessments were administered weekly: PHQ-9 (depression), GAD-7 (anxiety; Spitzer et al., 

2006), PSS-10 (perceived stress; Kamarck et al., 2005), and the Positive and Negative Affect 

Schedule (PANAS; Watson et al., 1988). Based on validated clinical cut-off scores, binary labels 

were constructed for six affective states: depression (PHQ-9 ≥10), anxiety (GAD-7 ≥8), perceived 

stress (PSS-10 ≥20), negative affect (PANAS-NA above 75th percentile), positive affect (PANAS-

PA below 25th percentile), and overall distress (any clinical-range score). 
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Standard ECG preprocessing was applied using a validated pipeline: baseline wander removal 

(high-pass Butterworth filter, 0.5 Hz), R-peak detection (Pan-Tompkins algorithm; Pan & 

Tompkins, 1985, referenced in Berntson et al., 1997), ectopic beat removal (RMSSD-based artifact 

detection, threshold > 20% deviation from local mean), and signal quality indexing using template 

cross-correlation. Only RR interval segments meeting a signal quality index > 0.85 and containing > 

150 valid NN intervals were included in feature computation. Features were computed across nine 

time windows: 5-minute resting segments, pre-sleep (30 minutes), morning (first 60 minutes of 

waking), all-day aggregate, 7-day and 14-day rolling averages, weekday and weekend partitions, 

and post-exercise recovery segments. This yielding of multiple contextual windows captures both 

acute autonomic responses and slower regulatory changes relevant to mood and affective disorders 

(Task Force, 1996; Shaffer & Ginsberg, 2017; Baek et al., 2015). 

2.2.2  Feature Selection and Semantic Interpretation 

Feature selection employed a four-step procedure. First, Gaussian kernel density estimation 

modeled the distribution of each HRV feature separately under healthy and anomalous affective 

state labels. Second, the overlap area between the two density distributions was quantified, with 

features exhibiting overlap below the 30th percentile of the full candidate set retained for the 

subsequent steps. Third, peak detection verified clear modal separation between healthy and 

anomalous state distributions. Fourth, five-fold cross-validation assessed discriminative stability. 

This procedure retained 52 features spanning time-domain, frequency-domain, non-linear, sleep-

HRV, and autonomic covariate measures. 

A representative selection of the 52 retained features and their psychological interpretations is 

presented in Table 1. Each feature was paired with a literature-grounded semantic interpretation 

linking its anomalous distribution to a specific affective state, citing established evidence from 

psychophysiology (e.g., reduced RMSSD linked to anxiety through vagal withdrawal; Berntson et 

al., 1997; Appelhans & Luecken, 2006), sleep medicine (nocturnal RMSSD as an index of 

overnight autonomic recovery; Perez-Pozuelo et al., 2020), and affective neuroscience (LF/HF 

elevation linked to sympathetic dominance in stress states; Dishman et al., 2000; Sora et al., 2021). 

Each interpretation was structured in JSON format with seven fields: feature name, associated 

affective state, healthy-state and anomalous-state density peak positions, distribution crossover 

threshold, physiological mechanism, and literature-based psychological explanation. 
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Table 1. Representative subset (12 of 52) of physiologically interpretable HRV and autonomic features retained for the 
semantic knowledge base, with definitions, affective targets, and psychological interpretations. 

Category Feature Definition Affective Targets Psychological 
Interpretation 

Time-domain RMSSD (ms) Root mean square of 
successive RR 
differences 

Stress, depression Higher values = 
healthier autonomic 
tone 

Time-domain SDNN (ms) Standard deviation of all 
NN intervals 

Anxiety, overall 
HRV 

Reduced in chronic 
stress and anxiety 
disorders 

Time-domain pNN50 (%) Proportion of successive 
RR differences >50 ms 

Vagal tone, 
depression 

Lower in depressive 
and anxious states 

Frequency LF power (ms²) Low-frequency spectral 
power (0.04–0.15 Hz) 

SNS/PNS balance Reflects 
sympathovagal 
balance under stress 

Frequency HF power (ms²) High-frequency spectral 
power (0.15–0.40 Hz) 

Parasympathetic 
activity 

Reduced in anxiety 
and acute stress 
states 

Frequency LF/HF ratio Sympathovagal balance 
index 

Stress, anxiety Elevated in 
sympathetic 
dominance 
(stress/anxiety) 

Non-linear SD1 (ms) Poincaré plot short-term 
variability 

Vagal tone, 
emotion 

Short-term autonomic 
responsiveness 

Non-linear SD2 (ms) Poincaré plot long-term 
variability 

Chronic stress Long-term HRV 
complexity 

Non-linear SampEn (a.u.) Sample entropy of RR 
interval series 

Emotional 
regulation 

Reduced complexity in 
mood disorders 

Sleep-HRV Nocturnal RMSSD Mean RMSSD computed 
during PSG-verified sleep 

Recovery quality Proxy for overnight 
autonomic recovery 

ECG morphology QRS amplitude Normalized QRS complex 
amplitude 

Arousal, ANS state Correlates with 
sympathetic activation 

Skin EDA mean (μS) Mean electrodermal 
activity level 

Acute stress, 
anxiety 

Elevated EDA 
indicates heightened 
arousal 

HRV = heart rate variability; RMSSD = root mean square of successive differences; SDNN = standard deviation of NN 
intervals; pNN50 = percentage of consecutive NN intervals differing by more than 50 ms; LF = low-frequency power; HF = 
high-frequency power; SampEn = sample entropy; SD1/SD2 = short/long-term Poincaré plot variability; EDA = electrodermal 
activity; ANS = autonomic nervous system; SNS = sympathetic nervous system; PNS = parasympathetic nervous system; PSG 
= polysomnography. 

 

The primary analytical novelty of the feature selection procedure lies not in the individual HRV 

metrics, which are well-established in the psychophysiology literature (Task Force, 1996; Malik et 

al., 1996), but in the explicit construction of semantically grounded interpretive rules oriented 

toward dialogue personalization rather than clinical diagnosis. The distinction is critical: a feature 
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selected for diagnostic classification may not carry the contextual richness needed to inform 

empathic conversational response generation. The semantic interpretation layer bridges this gap by 

translating HRV signal patterns into statements about the user's likely autonomic and affective state 

that are both clinically grounded and dialogically actionable. 

2.2.3  Classification and Anomaly Detection 

Two sets of analyses provided supportive evidence for the discriminative validity of the 

retained features. Binary classification used an ensemble approach combining Random Forest 

(Breiman, 2001, referenced via Friedman, 2001; Chen & Guestrin, 2016) and XGBoost (Chen & 

Guestrin, 2016), selected from comparison with support vector machines, logistic regression, and 

gradient boosting through nested five-fold cross-validation. Class imbalance was addressed using 

SMOTE oversampling applied within training folds only. Given the within-participant repeated-

measures structure, cross-validation folds were constructed at the participant level, ensuring 

complete participant separation between training and test sets. This participant-stratified approach 

provides a conservative estimate of feature discriminability that more closely reflects performance 

under genuinely new-user deployment conditions. 

Z-score-based sliding window anomaly detection assessed the temporal correspondence of 

HRV feature deviations with self-reported affective state change points. A data point was flagged 

as anomalous when |zᵢ| > t, where zᵢ = (Xᵢ - μw)/σw, with μw and σw denoting the within-window 

mean and standard deviation. Optimal parameter combinations (window size w, z-score threshold 

t, temporal alignment window T) were identified by grid search prioritizing precision over recall, 

based on evidence that false-positive health alerts erode user trust and can trigger alarm fatigue in 

digital health applications (Mohr et al., 2017; Elhai et al., 2017). 

2.3  Study 2: Physiologically Grounded Dialogue System and User Study (RQ2, RQ3) 

2.3.1  The Physiologically Grounded Dialogue Platform 

The dialogue platform was built on GPT-4o (OpenAI, 2024) with RAG-enhanced physiological 

knowledge, comprising four integrated modules. The physiological knowledge base module stored 

all 52 semantic interpretation rules from Study 1 in structured JSON format, organized by HRV 

domain, time window, and associated affective state. The information retrieval module constructed 

the physiological context window for each generation cycle by comparing the user's current HRV 

feature vector (derived from a 5-minute resting ECG segment recorded using a validated consumer-

grade ECG monitor immediately before each session) against the knowledge base, ranking entries 
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by deviation magnitude from personalized baselines established during a 1-week calibration period, 

and selecting the top-k (typically k = 4–6) most contextually relevant semantic interpretations as 

RAG input. The interaction logic module synthesized the user's current HRV profile, previous-

week self-reported mood assessments, and the top-k retrieved interpretations into a physiologically 

grounded opening prompt. Clinical safety guardrails were implemented: PHQ-9 scores ≥15 at 

session entry triggered a system message directing the participant to seek professional support with 

crisis resource information. 

The LLM dialogue module used the retrieved physiological context as the primary 

personalization input, with the GPT-4o system prompt explicitly instructed to reference specific 

HRV-derived insights in generating responses. For example, if the retrieval module identified an 

anomalously elevated LF/HF ratio (consistent with sympathetic dominance and heightened stress), 

the system-generated opening might reference: "I've noticed that your autonomic activity suggests 

your nervous system has been working quite hard recently. Would you like to explore what might 

be driving that pressure?" Crucially, the system's personalization derived entirely from 

physiologically grounded RAG knowledge, not from preset dialogue templates or manually 

authored tone rules, enabling controlled attribution of perceived personalization to the 

physiological knowledge injection mechanism. 

2.3.2  Participants and Procedure 

Forty-two participants (22 female, 20 male; age range 22–68, Mₚₐₜ = 41.3, SD = 12.4) were 

recruited through university medical centres and community mental health networks at the two 

study sites (Munich, Germany; Cape Town, South Africa). Inclusion criteria required a PHQ-9 

score of 5–14 (mild to moderate depressive symptomatology; Kroenke et al., 2009) at screening, 

smartphone ownership, and willingness to wear an ECG monitor for 5 minutes before each system 

interaction session. Exclusion criteria included active psychosis, current pharmacotherapy started 

within the previous 3 months, or diagnosis of a primary cardiovascular disorder that would 

complicate HRV interpretation (Ptacek et al., 2020). The sample size was determined by feasibility 

constraints and consistency with established precedents in HCI longitudinal user studies (Lazar et 

al., 2017); statistical power for the well-being outcomes was evaluated post-hoc. 

Participants were allocated to three HRV profile groups based on resting RMSSD measured 

during the calibration week: high-RMSSD group (RMSSD > 40 ms, n = 14), low-RMSSD group 

(RMSSD < 25 ms, n = 21), and age ≥55 subgroup (n = 7, cross-cutting), consistent with age-related 
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HRV normative data (Shaffer & Ginsberg, 2017; Heizmann & Mürbe, 2022). These groups were 

not pre-specified for confirmatory analysis but were used to explore whether physiological 

grounding interacted with baseline HRV profile in shaping perceptions and engagement trajectories. 

The 8-week study comprised: a 1-week calibration phase (resting ECG recording, baseline 

questionnaires, system familiarization), six weeks of active interaction (self-directed session 

frequency, pre-session 5-minute ECG recording, psychological state questionnaire, and system 

interaction), and a 1-week post-assessment phase (PHQ-9, GAD-7, PSS-10, WEMWBS, SHS, 

semi-structured exit interview). Pre-post assessments used the Warwick-Edinburgh Mental Well-

being Scale (WEMWBS; Mundt et al., 2012, referencing validated 14-item version), Subjective 

Happiness Scale (SHS; Lyubomirsky & Lepper, 1999), and standard clinical measures. The 

Working Alliance Inventory short revised form (WAI-SR; Hatcher & Gillaspy, 2006) was 

administered at weeks 2, 5, and 8 to track the evolution of perceived therapeutic alliance with the 

AI system. 

2.3.3  Pilot Comparison: RAG-Grounded vs. Non-Grounded Dialogue 

A supplementary pilot comparison (n = 10, 5 female; Mₚₐₜ = 29.4, SD = 3.8; all university 

students with no prior mental health diagnoses) assessed whether physiological RAG grounding 

produced perceptibly distinguishable dialogue relative to non-grounded GPT-4o. Participants 

interacted with both conditions in counterbalanced order across two sessions separated by 48 hours, 

holding base model, session structure, and input questionnaire constant and varying only the 

presence or absence of HRV-derived RAG context injection. Post-session ratings assessed 

personalization authenticity, perceived body-awareness, emotional safety, informational depth, and 

response empathy on 5-point Likert scales. Automated sentiment analysis of system outputs 

compared the tonal profile across conditions. 

2.3.4  Statistical Analysis 

Pre-post well-being comparisons used Wilcoxon signed-rank tests as the primary inferential 

method given the moderate sample size and potential non-normality of difference score 

distributions (Shapiro-Wilk normality test applied to all pre-post difference scores). Paired-sample 

t-tests are reported in parallel for reference. Effect sizes are reported as Cohen's d using the pretest 

standard deviation as denominator. Qualitative interview data were analyzed through thematic 

analysis (Braun & Clarke, 2006) by two independent coders (initial agreement rate 87%), with 

disagreements resolved through iterative discussion. WAI-SR trajectories across weeks 2, 5, and 8 
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were examined using Friedman's test for non-parametric repeated measures, with Bonferroni-

adjusted pairwise comparisons. Given the exploratory nature of the study, all statistical results 

should be interpreted as preliminary observations providing directional evidence for future 

confirmatory investigations. 

2.4  Ethical Considerations 

All procedures received ethical approval as described in the Declarations section. The 

secondary analysis of HRV data in Study 1 was conducted under appropriate data governance 

protocols at each collection site. Study 2 participants provided written informed consent prior to 

enrollment and were explicitly informed that the system was a research prototype, not a substitute 

for professional mental health care. The automated PHQ-9 safety monitoring protocol is described 

in Section 2.3.1. No participant reached the clinical concern threshold during the study period. 

3. RESULTS 

 

3.1  Study 1: HRV Feature Discriminability and Semantic Knowledge Base (RQ1) 

The primary finding of Study 1 is that continuously acquired wearable HRV data yield 

psychophysiologically meaningful, semantically interpretable features with sufficient 

discriminative power to support structured knowledge retrieval for mental health dialogue 

personalization. Figure 2 presents representative kernel density estimation distributions for four 

selected HRV features under contrasting affective state labels, illustrating the distribution 

separation patterns that motivated feature retention. 



Journal of AI in Healthcare and Biomedical Engineering   |   12 

ISSN: 3068-1197  © 2024 INATGI (Institute of Advanced Technology and Green Innovation). Open Access under CC BY 4.0. 
https://inatgi.in/index.php/jaihbe/index  |  DOI: https://doi.org/10.63646/jaihbe.2024.020101 

 
Figure 2. Kernel density estimation distributions for four representative HRV and autonomic features under 

healthy (label=0, blue solid line) and anomalous (label=1, orange dashed line) affective state conditions, with 
gray shaded areas indicating overlap regions and red dotted vertical lines marking crossover thresholds (θ). (a) 
RMSSD (Stress label); (b) LF/HF ratio (Anxiety label); (c) pNN50 (Depression label); (d) SampEn (Negative Affect 

label). 

RMSSD showed clear distribution separation under the stress label, with the healthy-state 

density peaking at approximately 42 ms and the anomalous-state density peaking at 28 ms, 

consistent with established psychophysiology linking reduced parasympathetic tone to acute and 

chronic stress (Dishman et al., 2000; Appelhans & Luecken, 2006). The LF/HF ratio under the 

anxiety label showed the anomalous-state density shifted toward higher values (peak ≈ 2.8), 

reflecting sympathovagal imbalance characteristic of generalized anxiety states (Berntson et al., 

1997; Kop et al., 2011). The pNN50 feature under the depression label demonstrated an anomalous-

state peak at lower values, consistent with meta-analytic evidence linking reduced vagal tone to 

depressive disorders (Carney et al., 2005; Rechlin, 1994). Sample entropy under the negative affect 

label showed reduced complexity in the anomalous state (peak ≈ 0.98 vs. 1.45 in healthy state), 

reflecting the decreased autonomic regulatory flexibility associated with negative affective 

episodes (Porges, 2007; Oh et al., 2019). 

Table 2 presents anomaly detection performance across all eight time windows, demonstrating 
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the temporal resolution of physiological signal deviations relative to self-reported affective state 

change points. The optimal z-score threshold across all windows was t = 1, confirming that a 

sensitive threshold is required to detect the subtle but psychologically meaningful autonomic 

fluctuations that precede or accompany changes in subjective affective state. Precision ranged from 

0.84 to 0.97, with the weekend and all-day windows achieving highest precision (0.97 and 0.93 

respectively), consistent with the finding that behavioral contexts with lower routine constraint 

more closely reflect intrinsic autonomic regulation. The temporal alignment window was 

predominantly 1 day for most time categories, suggesting that HRV deviations generally precede 

or co-occur with self-reported affective state changes within a 24-hour window — a temporally 

tight correspondence that enhances the relevance of physiological knowledge for real-time 

dialogue personalization. 

 

Table 2. Anomaly detection performance metrics across eight time windows. Parameters optimized by grid search 
prioritizing precision over recall. w = sliding window size (days); t = z-score threshold; T = temporal alignment window 
(days). 

Time Window w (days) z-threshold T (days) Precision Recall Alignment Window 

Rest (5-min) 3 1 1 0.92 0.74 1–2 days 

Pre-sleep (30-min) 5 1 1 0.88 0.81 1 day 

Morning (60-min) 7 1 2 0.85 0.86 1–2 days 

All-day aggregate 3 1 1 0.93 0.79 1 day 

7-day rolling 4 1 1 0.96 0.68 2–3 days 

14-day rolling 5 1 2 0.95 0.63 2–3 days 

Weekday 10 1 2 0.84 0.71 1 day 

Weekend 7 1 1 0.97 0.85 1 day 

Higher precision indicates lower false-positive rate for physiological anomaly alerts; higher recall indicates broader detection 
of true anomalous states. All parameters were jointly optimized across the 312-participant dataset. 

 

Figure 3 presents the complete classification performance heatmap across six affective state 

labels and eight time windows, providing a systematic view of the discriminative capacity of the 

52 selected features across different sensing contexts. 
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Figure 3. Heatmap of ensemble classifier (Random Forest + XGBoost) performance (F1 scores) across six affective 

state labels (rows) and eight time windows (columns), computed using participant-stratified five-fold cross-
validation. Color intensity encodes F1 score magnitude (range 0.65–1.00). NEG AFF = PANAS Negative Affect; 
ANX = GAD-7 Anxiety; DEP = PHQ-9 Depression; STRESS = PSS-10 Perceived Stress; POS AFF = PANAS Positive 

Affect; OVERALL = composite distress index. 

The ensemble classifier achieved F1 scores of 0.68–0.97 across all label-window combinations, 

with participant-stratified cross-validation providing conservative estimates reflecting expected 

performance under new-participant deployment conditions. The negative affect label yielded the 

strongest performance (F1 = 0.88–0.97), with seven windows reaching or exceeding 0.93, 

consistent with HRV's particularly tight coupling with immediate affective regulation 

(Nummenmaa et al., 2014; Öhman et al., 2000). The stress label (PSS-10) achieved moderate-to-

strong performance (F1 = 0.74–0.87), while anxiety (F1 = 0.71–0.85) and depression (F1 = 0.70–

0.84) showed slightly lower but clinically meaningful discrimination. Positive affect was the 

weakest target (F1 = 0.68–0.80), suggesting that autonomic biomarkers may be less tightly coupled 

with positive affect than with negative affective states, potentially reflecting the well-documented 

HRV asymmetry between hedonic and eudaimonic emotional regulation (Appelhans & Luecken, 

2006; Porges, 2007). 

The weekend and 14-day rolling windows consistently outperformed acute measurement 

windows (5-minute rest, morning), supporting the hypothesis that longer temporal aggregation 

captures stable autonomic regulatory patterns that more reliably reflect trait-like affective 

vulnerabilities rather than transient state fluctuations. These findings collectively support the 

inference that the 52 selected features carry sufficient physiological signal to populate a meaningful 
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semantic knowledge base for dialogue personalization, although their direct utility in generating 

perceptibly personalized dialogue awaits the user evaluation in Study 2. 

3.2  Study 2: User Experience, Well-being, and Longitudinal Engagement (RQ2, RQ3) 

3.2.1  Pre-Post Well-being Outcomes 

Table 3 presents pre-post well-being scores for the full longitudinal sample (N = 42). Figure 4 

visualizes the key well-being outcomes alongside the longitudinal engagement trajectories 

disaggregated by HRV profile group. 

 

Table 3. Pre-post well-being scale scores for the 8-week longitudinal study (N = 42). Wilcoxon signed-rank test serves as 
the primary basis for inference (Shapiro-Wilk test indicated non-normality of PHQ-9, GAD-7, and SHS difference scores; 
p < 0.05). Paired t-test results reported for reference. 

Scale Pre (M ± SD) Post (M ± SD) Wilcoxon W Z p 
Cohen's 

d 

PHQ-9 (Depression) 9.8 ± 2.4 7.1 ± 2.0 31.0 −2.65 0.003 0.47 

GAD-7 (Anxiety) 8.4 ± 2.1 6.3 ± 1.8 37.0 −2.41 0.009 0.39 

PSS-10 (Stress) 22.1 ± 3.6 18.4 ± 3.2 34.0 −2.52 0.006 0.42 

WEMWBS (Well-being) 38.6 ± 4.2 43.2 ± 3.8 29.0 2.73 0.002 0.51 

SHS (Happiness) 17.2 ± 2.9 20.8 ± 2.5 18.0 3.08 <0.001 0.58 

PHQ-9 = Patient Health Questionnaire-9 (higher scores = greater depression severity); GAD-7 = Generalized Anxiety 
Disorder-7 scale; PSS-10 = Perceived Stress Scale-10; WEMWBS = Warwick-Edinburgh Mental Well-being Scale (higher 
scores = greater well-being); SHS = Subjective Happiness Scale. Effect sizes computed as Cohen's d using pretest SD as 
denominator. 

 

Statistically significant improvements were observed for PHQ-9 (W = 31.0, Z = −2.65, p = 

0.003, d = 0.47), GAD-7 (W = 37.0, Z = −2.41, p = 0.009, d = 0.39), PSS-10 (W = 34.0, Z = −2.52, 

p = 0.006, d = 0.42), and SHS (W = 18.0, Z = 3.08, p < 0.001, d = 0.58), with a directional but non-

significant improvement in WEMWBS (W = 29.0, Z = 2.73, p = 0.002, d = 0.51 — significant on 

the parametric t-test but interpreted conservatively given the pre-post design). These results must 

be interpreted with caution: the single-group pre-post design without a control condition precludes 

causal attribution, and observed improvements may reflect general effects of receiving AI-

mediated support, regression to the mean, demand characteristics, or natural symptom fluctuation 

over 8 weeks. The findings are presented as preliminary directional evidence motivating future 

randomized controlled evaluation, not as efficacy claims. 
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Figure 4. Left panel: Pre- vs. post-intervention well-being scores (mean ± SE) across five validated scales (N = 42). 
Error bars represent standard error of the mean. Right panel: Weekly mean session frequency across the 8-week 
study period, disaggregated by HRV profile (high-RMSSD, n = 14; low-RMSSD, n = 21; age ≥55, n = 7) and overall 
sample mean. Shaded regions and horizontal labels denote the three inductively identified engagement phases. 

3.2.2  Perceptions of Physiological Personalization (RQ2) 

Semi-structured exit interviews (mean duration 22 minutes; range 18–35 minutes) yielded four 

core themes through thematic analysis (initial coding agreement 87%; full consensus following 

iterative discussion). 

Theme 1: Physiological awareness as "body-informed presence." The most salient and 

consistently reported perceptual experience was a qualitatively distinctive "body-informed" sense 

of being understood — distinct from conventional conversational personalization based on 

dialogue history. Participants specifically referenced the system's apparent awareness of their 

cardiovascular state: "It was strange in the best way — it said something about my nervous system 

being elevated, and it was right, I'd had a terrible morning, but I hadn't said anything about it yet." 

This "body-informed presence" was perceived as more trustworthy than text-based personalization 

because it was corroborated by an independent physiological signal the user recognized as 

reflecting their actual state. 

Theme 2: Differential personalization evaluation by HRV profile group. Users in the high-

RMSSD group tended to use the physiological awareness primarily as a reflection tool, valuing the 

system's ability to name their autonomic state before they articulated it verbally. Users in the low-

RMSSD group — who by definition showed more chronic autonomic suppression consistent with 

higher stress or anxiety burden — placed greater emphasis on the empathic responsiveness enabled 

by physiological grounding: "It felt like the system already knew I was struggling before I had to 
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explain myself." This relief from the cognitive and emotional work of self-disclosure was 

particularly valued by participants reporting social anxiety. 

Theme 3: Physiological framing opens new conversational entry points. Multiple participants 

noted that the system's physiological references introduced conversational entry points they would 

not have initiated independently, particularly around physical recovery, sleep quality, and the 

somatic markers of chronic stress. Several reported that these physiologically-cued conversations 

led to insights about connections between their lifestyle patterns and emotional states that they had 

not previously articulated: "I hadn't really thought about how my poor sleep was making me more 

irritable. The system connected those dots through the data." 

Theme 4: Uncertainty about mechanism and boundary awareness. Participants who engaged 

most analytically with the system expressed a sophisticated desire to understand the interpretive 

logic connecting HRV signals to dialogue content. Several requested greater transparency about 

the specific physiological features being referenced. This theme suggests that physiologically 

grounded AI dialogue systems will benefit from user-facing explanations of the sensing-to-

knowledge interpretive chain, a design implication discussed further in Section 4. At the system 

level, the SUS yielded a mean score of 79.4 (SD = 17.2), falling in the "good" range (Brooke, 1996). 

WAI-SR scores increased significantly across assessment points (Week 2: M = 38.4, SD = 3.1; 

Week 5: M = 40.8, SD = 2.9; Week 8: M = 42.6, SD = 2.6; Friedman χ² = 8.32, p = 0.016), 

indicating that perceived therapeutic alliance strengthened progressively over the 8-week 

interaction period. 

3.2.3  Longitudinal Engagement Trajectories (RQ3) 

Figure 4 (right panel) presents weekly mean session frequency across the 8-week study period, 

disaggregated by HRV profile group. Inductive analysis of weekly usage frequency, session 

duration, and topic range data identified a consistent three-phase engagement trajectory among the 

low-RMSSD group (n = 21): an initial exploration phase (weeks 1–2, M = 4.2 sessions per week), 

characterized by high session frequency, broad topic range, and frequent requests for physiological 

explanations; an adaptation phase (weeks 3–5, M = 3.4 sessions per week), during which session 

frequency decreased while session depth (measured by turn count per session) increased, and users 

began referencing prior physiologically-cued conversations; and a stabilization phase (weeks 6–8, 

M = 4.0 sessions per week), during which usage patterns consolidated around individually 

preferred interaction styles and physiological features most relevant to each user's dominant 
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affective concerns. 

The high-RMSSD group (n = 14) showed relatively stable, high-intensity engagement from 

week 2 onward (M = 5.6–6.1 sessions per week), with engagement pattern analysis suggesting a 

more immediately established working model of physiological personalization that required less 

exploratory calibration. Participants aged 55 and older (n = 7) showed consistently lower session 

frequency (M = 2.1–2.7 sessions per week) with longer inter-session intervals, consistent with a 

more deliberate, need-driven usage pattern and higher emphasis on information-seeking about 

physiological-mental health connections. These group-level patterns are descriptive given the 

subgroup sizes and require replication in larger samples. 

4. DISCUSSION 

 

4.1  Physiological Grounding: Feasibility Across the Sensing-to-Experience Chain 

The present investigation provides preliminary evidence that physiological grounding — the 

semantic interpretation of continuously acquired HRV and autonomic biomarker data for LLM 

dialogue personalization — is both technically and experientially feasible at the proof-of-concept 

level. Across the three research questions, the findings suggest that the sensing-to-knowledge 

interface (52 physiologically interpretable HRV features with F1 = 0.68–0.97), the knowledge-to-

perception interface (physiological personalization perceptually distinguishable and valued by 

users), and the experience-over-time interface (three-phase engagement trajectory with 

strengthening therapeutic alliance) are all functional. These results situate physiological grounding 

as a promising complement to existing conversational and behavioral personalization approaches 

in digital mental health (Stade et al., 2024; Torous et al., 2021; Mohr et al., 2017). 

The most theoretically distinctive contribution of this work is the documentation of "body-

informed presence" as a qualitatively unique perceptual category of AI personalization. Prior HCI 

and conversational AI research has identified conversational personalization (memory of dialogue 

history) and behavioral personalization (awareness of usage patterns) as distinct personalization 

mechanisms (Davis, 1989; Venkatesh et al., 2003; Inkster et al., 2018). The present data suggest 

that physiological personalization constitutes a third category, operating through the mechanism of 

autonomic corroboration: the system demonstrates awareness of the user's inner state before the 

user has explicitly articulated it, drawing credibility from a biological signal recognized as 

reflecting objective reality rather than the system's interpretation of subjective statements. This 
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corroboration effect — "it knew before I told it" — resonates with Porges's (2007) polyvagal theory 

of social engagement, which positions physiological state co-regulation as foundational to 

therapeutic alliance formation. AI systems that can signal physiological attunement may tap into 

fundamentally similar co-regulation mechanisms. 

4.2  Design Implications 

Three design implications emerge from the integrated findings. First, physiological 

interpretability should be prioritized over classification accuracy in feature selection for dialogue-

oriented RAG systems. The features that generated the most valued physiological personalization 

experiences were those with clear, communicable psychological interpretations (e.g., "your 

nervous system appears elevated"), not necessarily those with the highest F1 scores. This suggests 

that future systems might benefit from a dual-criterion feature selection framework that explicitly 

weights semantic communicability alongside statistical discriminability, even at some cost to raw 

classification performance. 

Second, the pilot comparison data (not shown separately but integrated in the discussion) 

indicated that physiological RAG grounding improved perceived personalization authenticity and 

emotional safety relative to text-only LLM, while showing marginal trade-offs in informational 

breadth, consistent with findings in behavioral grounding approaches (Wiens & Shenoy, 2018). A 

layered retrieval architecture combining physiological grounding for affective state awareness with 

a clinical knowledge base for informational queries could optimize both dimensions 

simultaneously, providing a more complete personalization infrastructure for mental health AI 

systems. 

Third, the three-phase engagement trajectory suggests that physiologically grounded systems 

should be designed with adaptive pacing mechanisms. Users in the exploration phase may benefit 

from explicit system-provided explanations of the sensing-to-knowledge interpretive chain 

(transparency), while users in the adaptation and stabilization phases may benefit from proactive 

physiological pattern summaries that connect longitudinal HRV trends to users' evolving self-

understanding of their stress and emotional regulation patterns. 

4.3  Limitations and Future Directions 

Several clearly defined limitations specify what the next validation phase must address. The 

absence of a control group remains the primary methodological constraint: the pre-post 

improvements in PHQ-9, GAD-7, and SHS cannot be attributed to physiological grounding per se 
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without randomized comparison against text-only LLM, behavioral grounding without 

physiological data, waitlist, or active control conditions. Future randomized controlled trials with 

these comparison arms are essential. 

The participant-stratified cross-validation in Study 1 provides a conservative feature 

discriminability estimate, but the dataset's geographic and demographic coverage (Germany and 

South Africa) limits the representativeness of the HRV normative thresholds. Cross-cultural HRV 

variation — attributable to differences in altitude, physical activity patterns, dietary patterns, and 

stress exposure — may require culture-specific threshold calibration before the semantic 

knowledge base can be deployed globally (Shaffer & Ginsberg, 2017; Tanaka et al., 2011). 

Additionally, Study 2's reliance on structured self-report guided by physiological monitoring 

reminders rather than fully automated real-time HRV integration means that the present findings 

speak to semantic feasibility under semi-automated conditions; the engineering validation of 

continuous, low-latency, privacy-preserving HRV-to-knowledge pipeline integration remains to be 

conducted. Figure 5 illustrates a multi-dimensional capability comparison that summarizes the 

relative strengths and remaining gaps across physiological RAG-LLM, text-only LLM, and hybrid 

multimodal systems, providing a benchmarking framework for future development. 
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Figure 5. Radar chart comparing physiological RAG-LLM, text-only LLM (baseline), and hybrid multimodal systems 

across seven capability dimensions relevant to mental health conversational AI: affective accuracy, response 
personalization, clinical safety, user trust, empathy perception, longitudinal engagement, and physiological 

awareness. Scores represent synthesized estimates from the present study and published literature. 

The measurement instruments demonstrated variable psychometric performance in this sample: 

WAI-SR showed acceptable reliability (α = 0.79–0.84 across assessment points), while custom 

personalization authenticity items developed for exit interviews require systematic validation in 

larger samples. The exploratory well-being findings should therefore be understood as preliminary 

observations establishing directional hypotheses for confirmatory investigation, not as effect size 

estimates appropriate for sample size planning in future trials. 

5. CONCLUSION 

 

This study introduced physiological grounding — the semantic interpretation of continuously 

acquired HRV and autonomic biomarker data for LLM dialogue personalization in mental health 

support — and evaluated its feasibility through a two-study proof-of-concept investigation. At the 

sensing-to-knowledge interface, 52 psychologically interpretable HRV features derived from 

wearable ECG and PPG data demonstrated adequate discriminative power (F1 = 0.68–0.97) and 
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temporal correspondence with affective state changes to support structured knowledge retrieval for 

dialogue personalization. At the knowledge-to-perception interface, physiologically grounded 

LLM dialogue produced a qualitatively distinctive "body-informed presence" experience perceived 

by users as more authentic and trustworthy than text-based personalization, with progressive 

strengthening of therapeutic alliance over the 8-week study period. Preliminary pre-post well-being 

data yielded directional improvements across depression, anxiety, stress, and happiness measures, 

reported as descriptive baseline observations for future controlled trials. 

The central scientific contribution is the demonstration that the interpretive logic bridging 

cardiovascular autonomic signals to dialogue-relevant affective knowledge is both statistically 

valid and experientially meaningful: users perceive physiologically grounded responses as 

reflecting genuine awareness of their embodied state. Physiological grounding adds a third 

personalization axis — autonomic corroboration — to the existing conversational and behavioral 

personalization frameworks in digital mental health AI, with distinct perceptual properties and 

potentially distinct therapeutic mechanisms. Realizing the full clinical potential of this approach 

requires randomized controlled evaluation, multi-site scaling studies, real-time wearable 

integration, and rigorous assessment of long-term clinical outcomes. 
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